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Abstract

Depression prediction using clinical interviews
is problematic due to small sample numbers,
class imbalance, and missing modalities. The
English E-DAIC corpus illustrates these limi-
tations by offering multimodal recordings ac-
companied by PHQ-8 scores. We propose
a hierarchical fusion approach for regression
that initially enhances individual modalities
by amalgamating handmade descriptors (e.g.,
eGeMAPS, OpenFace cues) with deep embed-
dings (e.g., BERT, VGGish), followed by their
integration via attention-based inter-modal fu-
sion.

Our research presents three key contributions.
We present the inaugural systematic applica-
tion of intra- and inter-modal fusion for regres-
sion in English clinical interviews, building
upon previous research that focused on catego-
rization or non-English datasets. Secondly, we
perform a definitive robustness assessment in
the presence of absent modalities, reinterpret-
ing bimodal and trimodal results to measure
modality significance and durability when data
streams are deficient. Third, we illustrate that
hierarchical fusion enhances generalizability
in small, imbalanced clinical datasets, consis-
tently surpassing robust baselines across MAE,
RMSE, R2?, and CCC. Collectively, these re-
sults confirm structured multimodal regression
as a dependable method for low-resource clini-
cal environments and provide a foundation for
interpretable, robust mental health artificial in-
telligence.

Keywords: Multimodal Fusion, Depression Pre-
diction, Regression, Low-Resource Clinical Data,
Intra-Inter Modality

1 Introduction

Over 280 million people are affected by depression,
which is one of the main causes of disability
globally. Timely prediction and evaluation of
depression are essential for directing treatment and

enhancing patient outcomes. Traditional diagnostic
methods, like clinical interviews and PHQ-8
surveys, depend significantly on expert assessment,
which may be subjective and resource-demanding.
Automated methods utilizing multimodal data
from clinical interviews—textual information,
auditory prosody, and visual behaviors—present an
opportunity to standardize depression assessment
in a consistent and accessible way, especially in
resource-limited settings.

Recent studies on multimodal learning have
demonstrated significant potential for classification
(healthy versus depressed) and regression (severity
prediction) problems. Binary detection can
identify danger, whereas regression facilitates
a more nuanced assessment of symptom inten-
sity, so aligning more effectively with clinical
decision-making. Multimodal regression presents
significant challenges in low-resource corpora like
the English Distress Analysis Interview Corpus
(E-DAIC), which is limited in size, demonstrates
class imbalance, and has absent modalities for
specific individuals.  These settings require
frameworks that are both precise and resilient to
sparse and diverse data.

We propose the Intra- and Inter-Modal Fusion
for Depression Prediction(IIFDP) framework for
regression-based utilizing the E-DAIC dataset. At
the intra-modal level, we integrate pre-defined
descriptors (e.g., OpenSMILE audio features,
OpenFace facial cues) with deep embeddings
(e.g., ROBERTa/BERT for text, VGGish for audio,
OpenFace for video) to include both low-level
behavioural indicators and high-level semantic
representations. At the inter-modal level, we
utilize attention-based fusion to concurrently
simulate interactions among text, audio, and
visual modalities. We conduct a comprehensive
evaluation of the framework across unimodal,
bimodal, and multimodal situations, benchmarking
it against baseline and state-of-the-art models,



utilizing regression measures such as MAE, RMSE,
R?, and Concordance Correlation Coefficient
(CCO).

The primary contributions of this study are
as follows:

e Initial systematic integration of intra- and
inter-modal fusion for regression in English
clinical interviews.

* Thorough assessment of robustness in
the absence of modalities inside resource-
constrained environments.

* Hierarchical fusion enhances generalizability
in small, imbalanced clinical datasets.

By emphasizing regression instead of solely binary
classification, our research offers a more clinically
significant methodology for multimodal depression
evaluation, with implications for socially relevant
contexts.

2 Related Work

To contextualize our contribution, it is imperative to
examine previous research on automatic depression
prediction and multimodal learning. Current re-
search encompasses a broad range, from unimodal
models that depend on verbal, acoustic, or visual
indicators to multimodal frameworks that amal-
gamate many behavioral inputs. Recent method-
ologies have started to prioritize hierarchical fu-
sion techniques, integrating handcrafted descrip-
tors with deep embeddings both within and across
modalities. The limited resources of clinical cor-
pora like E-DAIC highlight the necessity for tech-
niques that are both resilient and socially signifi-
cant. This study presents a summary of pertinent re-
search in unimodal, multimodal, and fusion-based
frameworks, while identifying deficiencies that jus-
tify our regression-oriented adaption of intra- and
inter-modal fusion.

2.1 Unimodal Approaches for Depression
Detection

Initial studies on automatic depression diagnosis
investigated unimodal data sources, typically con-
centrating on a singular behavioural channel. Text-
based methodologies utilize language indicators, in-
cluding sentiment, lexical diversity, and psycholin-
guistic patterns, to forecast the severity of depres-
sion. The advent of deep learning has enhanced

regression performance through contextual embed-
dings from models such as BERT and RoBERTa,
which effectively capture nuanced language usage.
Acoustic techniques utilize manually built features
such as eGeMAPS or MFCCs in conjunction with
deep encoders like VGGish, as speech prosody and
vocal quality are significant indicators of emotional
states. Visual methodologies extract non-verbal
behaviours, including facial action units, eye gaze,
and head attitude, utilizing tools such as Open-
Face, while temporal models (CNNs, LSTMs, or
Transformers) are employed to record temporal
progression. Although successful independently,
unimodal models frequently exhibit low resilience
and generalization due to their inadequate depic-
tion of depressed symptoms, which are intrinsically
multimodal.

2.2 Multimodal Integration in Depression
Detection

To overcome the constraints of unimodal ap-
proaches, current research has introduced multi-
modal frameworks that integrate textual, audio,
and visual modalities. Early fusion methods con-
catenate feature vectors from different modalities,
whereas late fusion integrates independent pre-
dictions. Nonetheless, mere concatenation fre-
quently results in redundancy and diminished per-
formance. Advanced fusion solutions encompass
attention-based architectures, recurrent neural net-
works, and Transformer-based designs. For in-
stance, MulT presented a cross-modal Transformer
to describe long-range relationships across modali-
ties, whereas CubeMLP redefined fusion as learn-
ing along the sequence, modality, and channel
dimensions. PMR (Progressive Modality Rein-
forcement) has implemented a message hub to en-
hance underrepresented modalities, utilizing self-
attention or cross-attention techniques to highlight
relevant cues. These studies illustrate the advan-
tages of recording cross-modal interactions, but the
majority emphasize classification over regression
problems.

2.3 Intra- and Inter-Modal Fusion
Frameworks

A significant difficulty, in addition to cross-modal
fusion, is the integration of complementary ele-
ments within a single modality. Handcrafted de-
scriptors (Jin et al., 2024) (e.g., OpenSMILE (Ey-
ben et al., 2010), OpenFace) offer interpretable low-
level indicators (Zhoua and Ganb, 2008), whereas



deep embeddings (Ustinova and Lempitsky, 2016)
(e.g., BERT, VGGish, Pose, Gaze, AU) encapsulate
high-level semantics. Recent research, including
the IIFDD framework (Chen et al., 2024), intro-
duced intra-modal fusion transformers to integrate
handmade and deep representations prior to execut-
ing inter-modal fusion. This hierarchical structure
guarantees that the representation of each modality
is enhanced prior to cross-modal integration, result-
ing in improved performance. Although promising,
previous studies like IIFDD were predominantly
conducted on Chinese corpora (CMDC, EATD),
raising the question of the efficacy of intra-/inter-
modal fusion on English clinical datasets such as
E-DAIC. Our research fills this void by modify-
ing IIFDD for regression analysis on English inter-
views.

2.4 Perspectives on Low Resources and Social
Impact

A persistent difficulty in depression diagnosis
is the resource scarcity of datasets: restricted
sample sizes, uneven distributions, and inadequate
modalities. The E-DAIC corpus illustrates these
problems, rendering it an optimal instance for
resilient multimodal frameworks. To alleviate
shortages, previous research has investigated data
augmentation, transfer learning, and modality
dropout techniques. From a comprehensive
viewpoint, multimodal depression detection also
relates to social implications: developing equitable,
transparent, and clinically dependable models that
can assist healthcare practitioners and enhance
access for marginalized people. The integration
of interpretable fusion processes promotes perfor-
mance while also fostering trustworthiness and
ethical deployment.

3 Methodology

Our objective is to develop a methodology capable
of accurately predicting depression ratings from
multimodal clinical interviews in low-resource set-
tings. To do this, we enhance the intra- and inter-
modal fusion paradigm and tailor it to the English
E-DAIC dataset, assuring the effective utilization
of both handmade descriptors and deep embed-
dings inside and across modalities, where Figure 1
depicts the comprehensive architecture of our pro-
posed intra- and inter-modal fusion framework for
regression utilizing the E-DAIC dataset.

3.1 Dataset

Our research is founded on the English Distress
Analysis Interview Corpus (E-DAIC) (Gratch et al.,
2014) (DeVault et al., 2014) (Ringeval et al., 2019),
comprising semi-structured clinical interviews con-
ducted between participants and a virtual agent.
Every participant receives a PHQ-8 score, facil-
itating both binary depression identification and
regression-based severity forecasting. The dataset
is fundamentally low-resource: participant num-
bers are restricted, the distribution of PHQ-8 scores
is uneven, and video recordings are absent for a
subset of users. The attributes of E-DAIC provide
it a suitable platform for assessing resilient multi-
modal fusion methodologies.

3.2 Feature Extraction

To obtain both superficial and profound representa-
tions of participant behaviour, we extract character-
istics from three modalities:

* Textual Features: Transcribed transcripts are
integrated via BERT and NLP based sentiment
to encapsulate contextual semantics. More-
over, linguistic metrics like sentence length
and word-level statistics are deemed to pre-
serve manual interpretability.

* Acoustic Features: We extract eGeMAPS de-
scriptors from auditory responses with OpenS-
MILE, which reflect prosodic and spectral el-
ements. Concurrently, VGGish embeddings,
pre-trained on extensive audio datasets, are
utilized to capture advanced acoustic seman-
tics.

* Visual Features: Raw video frames are ab-
sent, and features are analyzed using Open-
Face to extract facial action units, gaze direc-
tion, and head orientation separately as manu-
ally produced indicators.

This dual extraction technique offers two com-
plementary perspectives for each modality: inter-
pretable handcrafted descriptors and semantically
enriched embeddings.

3.3 Intra-Modal Fusion

A primary problem is that handmade and deep rep-
resentations encapsulate distinct yet complemen-
tary aspects of the same modality. Addressing them
in isolation disregards potentially significant in-
sights. To resolve this, we employ intra-modal
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Figure 1: Overview of the proposed hierarchical intra- and inter-modal fusion framework. Text, audio, and
visual features are first enriched via intra-modal fusion (IMTF, IMAF, IMVF), followed by multi-modal fusion,

representation learning, and regression prediction.
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Figure 2: Architecture of the proposed cross-modal attention module. Inputs (z,, x) are projected, transformed via
multi-head attention (MHA), normalized, and aggregated with residual connections. The pooled output X,,,5441

forms the fused representation.

fusion transformers. Initially, the handcrafted fea-
tures and deep embeddings for each modality are
projected into a shared latent space. Attention
mechanisms are employed to synthesize them, guar-
anteeing that low-level signals enhance high-level
embeddings and vice versa. Consequently, each
modality produces a singular enriched representa-
tion that harmonizes interpretability with expres-
sive capability.

3.4 Inter-modal Fusion

Intra-modal fusion enhances individual modalities,
whereas depression manifests through interactions
among language, voice, and facial expressions.
We utilize inter-modal fusion through attention
techniques to capture these dependencies. Pair-
wise bimodal fusion modules initially align and
integrate modality-specific encodings (e.g., text-
audio, audio-video, text-video). These are then

consolidated in a tri-modal attention module that
learns weighted combinations of the three modal-
ities. This hierarchical design, in contrast to ba-
sic concatenation, enables the model to prioritize
modality interactions that are most indicative of
depression prediction, while diminishing the influ-
ence of redundant input.

4 Experimental Setup

We performed extensive tests on the English E-
DAIC dataset to verify the efficacy of the suggested
framework. This part talks about the dataset splits,
preparation steps, training settings, baseline mod-
els, and assessment measures. By explaining these
parts in detail, we make sure that our results can
be repeated and give a fair way to compare them
with other methods for predicting multimodal de-
pression.
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Figure 3: Overview of the proposed multimodal attention-based framework. Text (z;), audio (x,), and visual (z,)
features interact pairwise (T4, Tqv, Tot), followed by concatenation, normalization, multi-head attention (MHA),
global pooling, dropout, and a fully connected layer for prediction.

4.1 Data Splits

We adhere to the approved E-DAIC (Gratch et al.,
2014) (Ringeval et al., 2019) (DeVault et al., 2014)
protocol, which are a total of 275 users, categoriz-
ing individuals into three groups: 163 for training,
56 for development, and 56 for testing. Each divi-
sion maintains the subjects’ separation, ensuring
that no participant appears in multiple batches. The
training set identifies optimal values for the model’s
parameters, the development set fine-tunes hyper-
parameters and facilitates early stopping, while the
test set is reserved solely for final evaluation. This
article utilizes just the approved test set to ensure
comparability with prior results.

4.2 Data Preprocessing

Prior to modelling, each modality is subjected
to preprocessing to guarantee uniformity, where
text-transcribed transcripts are sanitized, tokenized,
and embedded with pre-trained BERT models.
Sentence-level embeddings are aggregated to de-
rive participant-level vectors. Audio recordings are
divided and analyzed with OpenSMILE to extract
eGeMAPS features, while deep embeddings are
produced using VGGish. Features are standard-
ized by z-score normalization. Visual attributes are
derived from frame sequences utilizing OpenFace,
generating action units, gaze, and head attitude in-
dicators.

All features are organized by participant_ ID to es-
tablish a uniform representation across modalities.

4.3 Baseline Standards

To evaluate the efficacy of our system, we com-
pare it against multiple recognized baselines: GRU-
BiLSTM (Shen et al., 2022) and BiLSTM (Zou

et al., 2022) are robust sequence models for tem-
poral features. MulT (Zou et al., 2022)is a
Transformer-based cross-modal model(Rajan et al.,
2022). CubeMLP (Sun et al., 2022), and PMR
(Lv et al., 2021) are the architecture for modality-
sequence-channel fusion.

These baselines were selected as they exemplify
distinct models of multimodal learning: recurrent,
transformer-based, and MLP-driven fusion.

4.4 Training Procedure

All models encompassing the proposed framework
and baseline architectures were trained under uni-
form conditions to provide an equitable compari-
son. Training utilized the the Adam optimizer. with
the weight decay and learning rate, n was adjusted
within the interval of [1 * 1075, 5 * 10~ 4] accord-
ing to the performance on the development and
training set. A batch size of 16 to 32 was utilized
based on modality dimensionality, and the training
duration was limited to 200 epochs. To alleviate
overfitting, we implemented early stopping with
a patience of 10 epochs, alongside dropout layers
and batch normalization inside the model architec-
ture. The optimization aim was the Mean Squared
Error (MSE) loss, defined as

B
1 .
LMSE = — Z} (i — i)
1=

where g

signifies the actual PHQ-8 score and the antic-
ipated score for each sample in a batch of size B.
All tests were conducted on NVIDIA GPUs, facili-
tating rapid training of multimodal models while
ensuring computational consistency across trials.



4.5 Evaluation Metrics

To thoroughly assess the regression efficacy of our
framework in predicting PHQ-8 severity, we utilize
four commonly employed metrics: Mean Absolute
Error (MAE), Root Mean Squared Error (RMSE),
Coefficient of Determination (R?), and Concor-
dance Correlation Coefficient (CCC). Collectively,
these criteria evaluate the precision, resilience, and
dependability of the forecasts.

5 Results and Discussion

The proposed framework was assessed in unimodal,
bimodal, and multimodal situations utilizing the cri-
teria delineated in Section 4.5. This path enables
us to examine the evolution of performance as fea-
tures are incorporated inside and across modalities
and to assess our methodology against established
baselines.

5.1 Unimodal and Intra-Modal Fusion Results

The unimodal results in Table 1 illustrate the base-
line effectiveness of individual modalities and the
influence of intra-modal feature fusion. Of the
three modalities, text exhibits superior performance
in regression measures, with RoOBERTa-based em-
beddings (BERT and XM) utilized alongside re-
current models like LSTM and GRU-BiLSTM at-
taining the lowest MAE and RMSE values, while
regularly sustaining CCC scores exceeding 0.8.
Attention-based baselines (Vaswani et al., 2017),
encompassing self- and cross-attention, signifi-
cantly augment agreement scores, highlighting
the importance of contextual weighting in the en-
hancement of textual embeddings. The auditory
modality demonstrates increased variability, with
VGG-based deep embeddings outperforming hand-
crafted eGeMAPS features, suggesting that pre-
trained deep acoustic representations more adeptly
capture clinically relevant prosodic patterns. Sig-
nificantly, the intra-modal fusion of VGG and
e¢GeMAPS diminishes error and enhances CCC
relative to each feature type in isolation, indicating
that handmade descriptors, although less effective
independently, offer additional insights when com-
bined with deep embeddings. In contrast, the visual
modality exhibits constrained predictive capability,
as characteristics related to stance, gaze, and ac-
tion units produce comparatively elevated MAE
and RMSE values, with CCC scores often falling
below 0.5. Nonetheless, combining these visual
characteristics produces measurable improvements

over isolated streams, indicating that while no sin-
gle visual channel is strongly predictive, their joint
modeling yields a more coherent signal of behav-
ioral patterns.

5.2 Bimodal and Trimodal Fusion Results

The outcomes of bimodal and multimodal fusion,
as presented in Table 2, demonstrate consistent
enhancements compared to unimodal baselines.
Among bimodal pairings, text—audio has the high-
est performance, decreasing prediction error and
elevating CCC above 0.75, indicating that prosodic
variations enhance language semantics in identify-
ing sad speech patterns. Text-visual fusion yields
enhancements, but less significantly, and audio-
visual fusion is advantageous yet stays inferior to
text-driven combinations.

The integration of all three modalities through
the proposed intra- and inter-modal fusion design
(IIMD) yields superior overall results, surpassing
baseline models including GRU-BiLSTM, BiL-
STM, MulT, and CubeMLP. The trimodal con-
figuration produces the lowest error rates and the
highest agreement metrics, especially in CCC, indi-
cating enhanced concordance with actual severity
levels. These findings validate that hierarchical
fusion not only utilizes the advantages of text but
also incorporates supplementary audio and visual
elements, providing a stable and dependable frame-
work for PHQ-8 regression in resource-limited clin-
ical settings.

6 Conclusion and Future Work

This study presented a hierarchical architecture for
intra- and inter-modal fusion aimed at regression-
based depression prediction utilizing the English
E-DAIC dataset. By methodically integrating hand-
crafted descriptors with deep embeddings at the
intra-modal level and modeling cross-channel in-
terdependence through inter-modal attention, our
methodology successfully surpassed robust base-
lines across MAE, RMSE, R?, and CCC metrics.

Our investigation yielded three principal insights.
Initially, intra- and inter-modal fusion can be profi-
ciently applied to English clinical interviews for re-
gression, so filling a void in previous research. The
study of robustness in the absence of certain modal-
ities indicates that text is the primary modality, al-
though auditory and visual signals offer supplemen-
tary resilience. Third, hierarchical fusion enhances
generalizability in tiny, imbalanced datasets, pro-



Table 1: Unimodal and intra-modal fusion results on E-DAIC. Text is the strongest modality; intra-modal fusion
improves audio and visual streams.

GRU- Self-  Cross-

Modal Features Metrics BiLSTM BiLSTM LSTM MulT PMR att att CubeMLP ConvlD
MAE 2.56 278 1.49 - - 221 - - 2.67

bert RMSE 3.15 2.95 2.14 - - 275 - - 3.31
R2 0.64 0.70 0.87 - - 081 - - 0.65

cce 0.82 0.78 0.93 - - 090 - - 0.87

T MAE 5.25 2.67 2.83 - - 4544 - - 3.82
n RMSE  5.41 3.78 3.73 - - 580 - - 4.87
R2 0.67 0.66 0.66 - - 0.281 - - 0.41

ccc 0.56 0.83 0.78 - - 0578 - - 0.77

MAE 2.88 311 2.86 412 519 3.02 329 4389 3.05

bertixm  RMSE  3.55 3.79 3.98 689 648 384 409 564 3.80
R2 0.68 0.79 0.70 064 059 063 059 073 0.64

ccc 0.80 0.84 0.81 075 062 077 045 0.86 0.81

MAE 277 2.96 2.98 - - 527 - - 5.34

Vegish RMSE 336 3.32 3.86 - - 654 - - 6.54
R? 0.72 0.75 0.63 - - 015 - - 0.08

cce 0.84 0.88 0.78 - - 028 - - 0.21

A MAE 374 391 498 - - 460 - - 5.67
RMSE 471 5.00 6.02 - - 580 - - 6.77
EgeMAPS o 0.459 0.38 028 - 017 - . 0.13
cce 0.64 0.56 0.21 - - 033 - - 0.01

MAE 5.18 495 521 534 699 759 538 5.26 4.14

Vggish+ RMSE  6.24 6.03 6.34 748 824 847 6.66 645 5.01
EgeMAPS R? 0.15 0.10 0.34 -0.03 025 024 048 -0.10 0.55
cce 0.29 0.14 0.56 011 021 035 066 022 0.62

5.63 6.27 4.18 - - 273 - - 11.93

Pose RMSE  6.88 8.01 5.25 - - 4.14 - - 23.65
R? 0.42 0.38 0.54 - - 0.57 - - -12.76

cce 0.35 0.24 0.48 - - 070 - - 0.04

\Y% MAE 5.41 234 3.01 - - 209 - B 3.12
Gaze RMSE  6.02 3.00 3.92 - - 340 - - 4.10
R? 0.54 0.65 0.62 - - 070 - - 0.58

cce 0.69 0.88 0.73 - - 0.83 - - 0.74

MAE 3.58 3.31 441 - - 333 - B 5.75

AU RMSE 4.84 4.40 472 - - 451 - - 7.12
R2 0.42 0.52 0.45 - - 062 - - -0.24

cce 0.67 0.71 0.63 - - 085 - - 0.04

MAE 5.34 4.82 412 488 629 556 3.98 6.98 6.12

Pose+ RMSE  6.50 6.92 5.59 573 848 6.67 456 8.52 6.10
Gaze+AU R2 -0.04 -0.05 0.32 027 -025 041 038 -0.12 0.20
ccc 0.19 0.29 0.37 015 005 045 055 0.10 0.34

Table 2: Bimodal and trimodal results reframed as robustness analysis. Removing text causes the largest drop, while
audio and visual provide complementary resilience.

GRU-
Modal Feature Metric  BI Bl stM mur pmr Self- Cross Cube .\,
Lsry LST™™ att  att  MLP

MAE 5.18 5.22 4.89 474 466 527 6.01 523 418
Fusion RMSE 6.24 6.28 5.87 5.68 562 644 8.62 6.18 525

A+T R? 0.05 0.27 0.15 049 014 -1.62 041 041  0.51
ccc 0.12 0.55 0.23 054 027 034 048 0.56  0.59
MAE  3.85 4.71 2.76 543 531 645 570 546 291
ALV Fusion RMSE 4.79 4.25 4.35 649 745 889 697 6.53 3.84
R? 0.41 0.73 0.57 -0.03 -0.01 -0.11 -0.03 035 0.62
ccc 0.32 0.74 0.26 0.11 0.19 021 0.10 0.15  0.79
MAE 446 353 5.38 4.69 432 488 4.77 5.46 348
V4T Fusion RMSE 5.59 4.47 6.55 5.81 550 575 5.74 6.53 479
R? 0.23 0.50 0.57 0.16 019 038 0.18 035 0.28
ccc 0.39 0.67 0.19 027 032 021 029 0.15 046
MAE 391 4.73 5.34 450 532 359 6.06 6.89 353
A+V4T Fusion  RMSE 6.00 5.61 6.47 5.21 6.55 457 858 841 479

R? 0.11 0.17 0.21 052 005 022 049 0.29  0.38
Cccc 0.15 0.54 0.14 058 002 010 0.15 0.19 040




viding a more dependable alternative to simplistic
concatenation methods.

Future endeavors will thus focus on three av-
enues: (i) implementing modality-dropout during
training to explicitly bolster robustness against in-
complete inputs, (ii) broadening validation across
datasets like AVEC to ensure greater generalizabil-
ity, and (iii) incorporating explainability mecha-
nisms—such as attention visualization, feature at-
tribution, and clinician-informed thresholds—to
improve trust and usability in clinical practice.
Collectively, these guidelines will facilitate the cre-
ation of multimodal depression prediction systems
that are accurate, reliable, interpretable, and con-
gruent with therapeutic requirements.
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